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vABSTRACT
The need of advancement in e-learning technology causes educational data to 
become very huge and increase very rapidly. The data is generated daily as a result 
of students interaction with e-learning environment, especially learning management 
systems. The data contain hidden information about the participation of students in 
various activities of e-learning which when revealed can be used to associate with 
the students performance. Predicting the performance of students based on the use 
of e-learning system in educational institutions is a major concern and has become 
very important for education managements to better understand why so many students 
perform poorly or even fail in their studies. However, it is difficult to do the prediction 
due to the diverse factors or characteristics that influence their performance. This 
dissertation is aimed at predicting students performance by considering the students 
interaction in e-learning environment, their assessment marks and their prerequisite 
knowledge as prediction features. Random Forest algorithm, which is an ensemble of 
decision trees, has been used for prediction and the comparative analysis shows that the 
algorithm outperforms the popular decision tree and K-Nearest Neighbor algorithms. 
However, Naive Bayes outperformed Random Forest. In addition to the performance 
prediction, Random Forest was also used to identify the significant attributes that 
influence students performance, which was validated by a statistical test using Pearson 
correlation. The research therefore, revealed that lab task, assignments, midterm and 
prerequisite knowledge are significant indicators of students performance predictions.
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ABSTRAK
Keperluan kemajuan dalam teknologi e-pembelajaran menyebabkan data
pendidikan menjadi sangat besar dan berkembang dengan pantas. Data ini dihasilkan
setiap hari daripada hasil interaksi pelajar-pelajar dalam persekitaran e-pembelajaran,
terutamanya dari sistem pengurusan pembelajaran. Data pembelajaran mengandungi
maklumat yang tersembunyi mengenai penyertaan pelajar-pelajar dalam pelbagai
ativiti e-pembelajaran yang mana apabila didedahkan boleh diguna untuk dikaitkan
dengan prestasi pelajar. Meramalkan prestasi pelajar-pelajar berdasarkan tahap
penggunaan pelajar terhadap sistem e-pembelajaran telah menjadi tumpuan utama dan
menjadi sangat penting dalam pengurusan pendidikan untuk memahami dengan lebih
baik kenapa ramai pelajar-pelajar mempunyai prestasi yang rendah atau gagal dalam
pembelajaran mereka. Akan tetapi, ramalan ini agak rumit untuk dilaksanakaan kerana
terdapat pelbagai faktor dan ciri-ciri yang mempengaruhi prestasi mereka. Disertasi
ini bertujuan untuk meramal prestasi pelajar-pelajar dengan mengkaji interaksi
mereka dalam persekitaran e-pembelajaran, markah penilaian pelajar dan prasyarat
pengetahuan sebagai ciri-ciri peramalan. Algorithma Random Forest, yang merupakan
gabungan pokok keputusan telah digunakan sebagai teknik ramalan, dan hasil analisa
kajian perbandingan menunjukkan prestasi Random Forest telah mengatasi pokok
keputusan lain dan juga algorithma K-Nearest Neighbour. Sungguhpun begitu,
Naive Bayes dapat mengatasi prestasi Random Forest dalam meramal prestasi pelajar.
Sebagai tambahan kepada ramalan prestasi pelajar ini, Random Forest juga telah
digunakan untuk mengenali ciri-ciri signifikan yang mempengaruhi prestasi pelajar-
pelajar, yang telah disahkan oleh ujian statistik menggunakan korelasi Pearson. Kajian
ini juga mendedahkan yang tugasan makmal, tugasan, ujian pertengahan penggal dan
prasyarat pengetahuan adalah petunjuk ketara kepada ramalan prestasi pelajar.
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CHAPTER 1
INTRODUCTION
1.1 Overview
Student performance in educational institutions such as Universities and
Colleges is not only a pointer to the effectiveness of the institutions but also major
determinant of the future of students in particular and the nation in general. Learning
outcomes have become a phenomenon of interest to all and this account for the reason
why scholars have been working hard to find out factors that militate against good
academic performance (Aremu and Sokan, 2003). Academic achievement of learners
has attracted attention of scholars, parents, policymakers and planners. Adeyemo
(2001) noted that the major goal of the school is to work towards attainment of
academic excellence by students. This student academic performance can be regarded
as the observable and measurable behavior of a student in a particular situation. In the
context of this research, performance is defined as the final mark acquired by a student
at the end of the term/semester in a subject enrolled through learning management
system. The final mark is a cumulative sum of the internal assessment (quizzes,
assignments, midterm test) and the final examination score.
Performance of students may be influenced by several factors such as gender,
age, parents socioeconomic situation, area of resident, nature of school being attended,
school medium of teaching, number of study hours spent daily, and nature of
accommodation which may be school own hostel or otherwise (Romero et al., 2013).
A number of researches about factors affecting students performance at different study
levels have been conducted by many authors. Graetz (1995) suggests that a student
educational success contingent heavily on social status of students parents/ guardians
in the society. Considine and Zappala` (2002) noticed the same that parents income
or social status positively affects the student test score in examination. Bratti and
2Staffolani (2002) observed that the measurement of students previous educational
outcomes are the most important indicators of students future achievement, This
concludes that the better the performance of students in previous studies, the better
their performance in future attempts.
Students’ performance prediction is one of the earliest and most valuable
applications of Educational Data Mining (EDM) and its objective is to measure
the hidden value of students performance, understanding or grade from the other
information, attitude or behavior of those students (Romero et al., 2013). This is
a difficult issue to address because of the diverse number of factors or attributes
that influences the performance of students such as cultural, family background,
psychological history, previous academic performance, parents economic situation,
previous schooling, interaction between student and faculty, etc. (Araque et al., 2009).
Several EDM techniques have been used in the prediction of students’
performance such as classification, regression and density estimation for predicting
variable with categorical value, continuous valued variable and probability density
function respectively. It is essential to note that most recent researches on EDM for
students performance prediction were primarily applied to cases of University and
high school students (Kotsiantis et al., 2010) and specifically, in most cases to e-
learning or related mode of instruction (Romero et al., 2013) This is fundamentally
as a result of increase in the use of learning management systems (LMSs) such as
Moodle, Blackboard, Edmodo, Cornerstone, Schoology, ConnectEdu, Kalboard 360
etc. These learning management systems have the ability to provide unlimited access to
learning materials, easily tracks learner performance, and enables easy and convenient
expansion of e-learning courses. The LMS collects huge amount of information related
to user visits and interactions such as viewing of resources, submission of assignments,
participation in discussion forums etc. which are very essential in predicting
students performance, analysing students behaviour and assisting instructors, detecting
problems and providing improvements (Romero et al., 2008)
Random Forest algorithm being an ensemble machine learning algorithm
and these ensemble techniques have become impressive in the area of prediction.
These techniques incorporate different machine learning algorithms with the aim of
improving the overall prediction accuracy (Dietterich, 2000). The technique is based
on the thought that collective decision is more accurate when compared to individual
decisions. Ensemble method combines a set of classifiers to create blended model
which results to an improved accuracy. Research shows that prediction from ensemble
3models gives better outcome when compared to individual classifiers. Several
researches have been conducted by different researchers such as (Domingos, 1996),
(Opitz and Maclin, 1999) and (Bauer and Kohavi, 1999), and they all proved that
combining multiple classifiers provides an improved prediction accuracy. Ensemble
techniques have also been successfully applied to diverse real-world tasks. Indeed,
they have been found to be useful and usually perform better in almost all places where
learning techniques are exploited. These techniques have been specifically applied
in areas such as computer vision which has been used by (Viola and Jones, 2004).
Other areas where ensemble techniques performed better include Intrusion detection
(Giacinto et al., 2003) and medical diagnosis (Zhou and Jiang, 2003)
This study therefore focuses on developing prediction model of students
academic performance based on their interaction with learning management system in
order to explore the performance of ensemble techniques in the prediction of student
performance with the aim of achieving high prediction accuracy.
1.2 Problem Background
In e-learning, predicting the performance of students is a great concern to
the education managements. For example, it could give an appropriate warning to
students those who are at risk by forecasting the grade of students, and help them
to avoid problems such as dropout, probation etc. and overcome all difficulties in
their study. However, measuring of academic performance of students that uses e-
learning is challenging since students academic performance hinges on diverse factors
or characteristics such as assignment submission, forum post, quiz and so on (Guo
et al., 2015)
Among those factors, some are more significant than the others in determining
students performance when interacting with learning management system such as
Moodle, the most significant factors among others can only be identified through
experiment on a target dataset. Identifying such significant factors/characteristics can
be of great importance as instructors may focus and ensure students engage themselves
on such activities during their course work which will help in improving students
performance. The most significant attributes can be identified through feature selection
process which include a variety of techniques (such as filter method, wrapper method
and embedded method) for selecting features that are most useful or most relevant in
4the target dataset.
Another challenging issue in EDM is the choice of appropriate machine
learning technique in predicting students performance due to the fact that there is
no one single algorithm that obtains the best classification accuracy in all cases as
highlighted by (Romero and Ventura, 2010). The performance of machine learning
method is heavily dependent of the choice of data representation. A number of
machine learning related approaches for predicting students performance on various
learning management systems have been proposed but the problems still remains open
to research.
Romero and Ventura (2010) applied data mining techniques to predict the
marks that university students will obtain in the final exam of a course. The author
compared the performance of KNN, MLP, C4.5 and CART algorithms in classifying
data of 438 students who use the Moodle LMS. The attributes used for this study
include course identification number, total number of assignments done, number of
quizzes passed, number of quizzes failed, number of messages sent to forum, number
of messages read on forum, total time used on assignments, total time used on quizzes,
total time used on forum and final mark the student obtained in the course. The
study revealed that in general there is not one single algorithm that obtains the best
classification accuracy in all cases (with all datasets). Also, pre-processing task like
filtering, discretization or rebalancing can be very important to obtain better or worse
results.
Manne et al. (2014) used Decision Tree, K-Nearest Neighbour, Naive Bayes
and Support Vector Machine algorithms to predict the final grade obtained by each
student in a particular course. Moodle was the data source for the research. The
attributes considered for the analysis include course ID number, total number of
assignments submitted, number of quizzes attended, number of quizzes passed,
number of quizzes failed, number of messages sent to teacher, number of messages
sent to forum, number of messages sent to chat, number of messages read, total time
used in forum, total time used in quizzes and final mark obtained by the student in the
at the end of the course period. The study revealed that Decision Tree outperformed
other techniques with the predictive accuracy of 85% as such the author recommended
the suitability of the technique for developing student performance predictive models.
Sisovic et al. (2015) used classification methods to detect connections between
prior knowledge and Moodle course activity in relation to passing or failing a course
5based on Final grade. The approach was evaluated with data from 153 students
obtained on Moodle LMS using J48, JRIP and PART algorithms. The attributes used
for this study are number of course views during semester, number of assignment views
during semester, number of assignments uploads during semester, number of resource
views during semester, attendance of preparatory seminar, maths level, maths result,
informatics result and finally the dependent variable pass indicating if the student
passes or failed. The study confirmed that Moodle activities, i.e. assignment uploads
and course views are better predictors of final success than the Matura examination
results. The study also shows that the preparatory seminar contributes to the course
success. The feature related to the preparatory seminar is specific because although it
belongs to the prior knowledge set of features, it can be considered a university activity.
The foregoing confirms the significance of continuous work, despite the high level of
prior knowledge.
Akc¸apınar (2016) develops classification model that predicts learners approach
such as deep learners and surface leaners using data obtained from Moodle learning
management system of Computer Education and Instructional Technology Department
in Turkey. The interaction data for the students were recorded for a semester. The study
considered six features related to various activities, the features include total number
of assignment, total number of views in the discussion forum, total number of different
days of login, total number of updates (assignments, forum posts etc.), total number of
logins and total number of activities in the Moodle environment. K-Nearest Neighbour
algorithm was used for the prediction.
1.3 Problem Statement
In e-learning, identifying students who may be at risk of failure is very
important in that early identification of such students can lead to providing them
with necessary assistance which may prevent them from failure (Dewan et al., 2015).
The earlier the at-risk students can be identified, the quicker their problems can be
addressed by the education managements by taking appropriate actions to prevent them
from poor performance. The prediction of students performance is expected to help
develop some special arrangements that educational institutions organize in order to
help students perform better in their courses. As a result of technological development,
e-learning platforms now provide a means of monitoring students learning behaviour
and their interactions with the system through the systems log files, the data can then be
analyzed using data mining techniques. However, careful selection of those activities
6and machine learning techniques is critical. Inappropriate choice of activities and
machine learning techniques may result in an unreliable prediction result.
One of the popular machine learning techniques used today in other to improve
performance of classification models are the use of ensemble classifier. These
ensemble classifiers are a set of machine learning algorithms whose individual results
are combined using weighted or unweighted voting technique to predict unseen
data. One of the most effective research area in predictive analytics has been to
study techniques for developing good ensemble of classifiers. It has therefore been
discovered that ensemble techniques are much more accurate that the individual base
classifiers that make them up (Dietterich, 2000)
A number of classification models prevails recently which has been
implemented by many researchers on student performance prediction. Most of them
are successfully implemented by using different classification algorithms on different
datasets, only few of the researchers used ensemble classifiers (such as Bagging,
Boosting and RandomForest) on e-learning data especially the Moodle. Another
trending issue is that there are so many factors or features that contribute to the
students performance in e-learning, defining those factors has been an open research
interest. This research is concerned with predicting student academic performance of
undergraduate students in Computer Science Department taking Data Structure course
at Faculty of Computing Universiti Teknologi Malaysia and also to identify variables
that are most significant in predicting students performance. The research will also
investigate the performance of Random Forest in predicting the category a student
belongs to with respect to their performance in the particular subject. The research is
expected to answer the following questions.
1. What are the most significant attributes/features in predicting student
performance in particular subject?
2. What is the performance of Random Forest in analyzing and predicting
performance of students that use Moodle Learning Management System?
3. What is the impact of Moodle LMS activities and prior knowledge on students
academic performance in data structure course?
71.4 Research Aim
The aim of this dissertation is to predict student academic performance based
on their interaction with MOODLE learning management, assessment and prerequisite
knowledge system using Random Forest algorithm
1.5 Research Objectives
The objectives of this dissertation are as follows:
1. To investigate the features/attributes that are significant indicators of students
academic performance based on their interaction with e-learning, assessment
and prerequisite knowledge
2. To investigate the performance of Random Forest in predicting students
academic performance using interaction data from MOODLE learning
management system
3. To correlate the effects of students interaction, assessment and prerequisite
knowledge to their academic performance in order to improve the e-learning
environment
1.6 Scope of the Study
The scopes of this dissertation are described below:
1. The dissertation mainly focuses on students performance prediction considering
their interaction with learning management system (MOODLE) as the input data
2. The data are obtained from MOODLE platform of Department of Computer
Science, Universiti Teknologi Malaysia, Computer Science undergraduate
students taking Data Structure course
81.7 Significance of the Research
In Educational Data Mining, predicting the performance of a student is a very
important to the education stakeholders. For instance, it could give an appropriate
warning to students who may be at risk of failing by forecasting their grades, and
help them to avoid problems and overcome all difficulties in their study. However,
this research is aimed at predicting students performance in e-learning environment.
It demonstrates how data mining methods are implemented to analyze the activities of
students as they interact with learning management system. The output of the research
is a model that classify students based on the way they interact with the e-learning
environment. The research result is useful to lecturers by providing feedback about
the learning behavior of students and how it affects students performance. It can also
be used to trace students who are at risk of failing in order to provide early assistance.
The research can also help the academic managements in improving the structure of a
course to avoid student failure. Therefor the overall achievement of this research work
is to improve the comprehensibility of e-learning environment by understanding the
students behavior.
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